Mobile monitoring has provided a means for broad spatial measurements of air pollutants that are otherwise impractical to measure with multiple fixed site sampling strategies. However, the larger the mobile monitoring route the less temporally dense measurements become, which may limit the usefulness of short-term mobile monitoring for applications that require long-term averages. To investigate the stationarity of short-term mobile monitoring measurements, we calculated long term medians derived from a mobile monitoring campaign that also employed 2-week integrated passive sampler detectors (PSD) for NO x , Ozone, and nine volatile organic compounds at 43 intersections distributed across the entire city of Baltimore, MD. This is one of the largest mobile monitoring campaigns in terms of spatial extent undertaken at this time. The mobile platform made repeat measurements every third day at each intersection for 6-10 minutes at a resolution of 10 s. In two-week periods in both summer and winter seasons, each site was visited 3-4 times, and a temporal adjustment was applied to each dataset. We present the correlations between eight species measured using mobile monitoring and the 2-week PSD data and observe correlations between mobile NO x measurements and PSD NO x measurements in both summer and winter (Pearson's r = 0.84 and 0.48, respectively). The summer season exhibited the strongest correlations between multiple pollutants, whereas the winter had comparatively few statistically significant correlations. In the summer CO was correlated with PSD pentanes (r = 0.81), and PSD NO x was correlated with mobile measurements of black carbon (r = 0.83), two ultrafine particle count measures (r =0.8), and intermodal (1-3 μm) particle counts (r = 0.73). Principal Component Analysis of the combined PSD and mobile monitoring data revealed multipollutant features * consistent with light duty vehicle traffic, diesel exhaust and crankcase blow by. These features were more consistent with published source profiles traffic-related air pollutants than features based on the PSD data alone. Short-term mobile monitoring shows promise for capturing longterm spatial patterns of traffic-related air pollution, and is complementary to PSD sampling strategies.
INTRODUCTION
Mobile monitoring has been commonly used to investigate the spatial distributions of trafficrelated air pollutants (TRAP); however, mobile monitoring campaigns are resource intensive and are therefore typically limited in duration or require restricted spatial coverage to allow for both temporal and spatial density of data. A concern for using mobile monitoring data in a regulatory framework is establishing how representative short-term monitoring data are of longer-term spatial averages obtained by conventional methods. (Van den Bossche et al., 2015) . To address this concern, we present an investigation into the stationarity of mobile monitoring data relative to fixed integrated passive sampler detectors (PSDs), as well as the added benefit of conducting both types of monitoring concurrently.
Both mobile monitoring and fixed sampler detection schemes (passive and continuous) have been used to refine predictive models for criteria pollutants and, more recently, for pollutants of emerging concern such as black carbon (Dons et al., 2013b) and ultrafine particle counts. Passive sampler detectors (PSD) adsorb air pollutants directly from the environment. PSDs are advantageous for their simplicity of use, and in the case of volatile organic compounds (VOCs), their ability to detect a large number of chemicals with a single sampler. However, the temporal resolution of PSDs is limited by analytical detection limits, and temperaturedependent sampling rates. When used for ambient monitoring PSDs typically require several days to collect a sample, and can be deployed for up to two weeks before saturation (Beckerman et al., 2008; Cohen et al., 2009) .
Mobile monitoring platforms have now been developed for pedestrians (Marc et al., 2012 ) (Dons et al., 2013a) , bicycles (Pattinson et al., 2014; Van den Bossche et al., 2015) , trains (Castellini et al., 2014) , and cars (Hudda et al., 2014; Pirjola et al., 2004) . Mobile platforms can also be mobile labs consisting of trailers equipped with relatively simple portable instrumentation to highly sophisticated mass spectrometers Sun et al., 2012; von der Weiden-Reinmüller et al., 2014) . Mobile monitoring provides real-time monitoring at a variety of locations, with the accompanying challenge of being temporally limited at any one place. It provides the means to measure air pollutant concentrations with broad spatial coverage using sophisticated equipment that would otherwise be impractical to duplicate in a fixed monitoring campaign. Sullivan and Pryor (2014) used a combination of mobile monitoring and four continuous fixed site measurements to investigate the spatio-temporal variability of PM 2.5 within a small urban region (~12 km). They found mobile monitoring provided enhanced spatial density whereas continuous fixed site monitors provided temporally-rich data. (Sullivan and Pryor, 2014) . Other small spatial scale campaigns for black carbon and ultrafine particle counts have shown correlations between mobile routes in proximity to fixed sampling locations (Van den Bossche et al., 2015; Wu et al., 2015) . All of these campaigns were limited in spatial extent due to the availability of fixed site locations and duplicate instrumentation both of which are logistically complicated to overcome. Duplication of instruments is resource intensive, which also restricts the number of pollutants measured and the ability to study pollutant mixtures.
In this work, we investigate the utility of combining readily deployed PSD and mobile monitoring. PSDs provide wide-spread spatial coverage for a dozen gaseous pollutants and mobile monitoring provides complimentary short-term measurements of both gaseous and particulate pollutants. Correlations between PSD and collocated continuous read measurements have been reported by Beckerman et al. in a previous near-roadway gradient study that consisted of a one week deployment of PSDs in Toronto, Canada (Beckerman et al., 2008) . In our study, the sampling design consisted of mobile monitoring of eight pollutants in combination with 2-week fixed-site passive sampling of a combination of nine volatile organic compounds (VOCs), NO 2 , NO x , and ozone. The VOC speciation provided by the passive samplers allows differential detection of light duty (low molecular weight hydrocarbons) and heavy duty vehicles (long-chain alkanes) at each sampling location. In this study we selected forty-three monitoring locations in an approximately 400 km 2 region encompassing the city and suburbs of Baltimore, MD making this one of the largest mobile monitoring campaigns in terms of spatial extent. Locations were selected to optimize spatial coverage near residences of participants in the Multi-Ethnic Study of Atherosclerosis (Cohen et al., 2009 ). Our two monitoring campaigns took place in February (winter) and June (summer) of 2012 to capture seasonal differences in pollutant distributions. We investigate both the pair-wise and multipollutant correlations between the two-week integrated PSD data and the 10-sec average mobile monitoring data in these two seasons.
METHODS
A detailed description of the methods for sample collection, sample analysis and statistical treatment of the data is provided in the supplementary material. In brief, two sampling campaigns were conducted in 2012 between February 12-22, 2012 and June18-27. The roadway intersections we selected throughout the urban area are depicted in Figure 1 , representing a combination of residential streets and arterials with mixed traffic composition. PSDs positioned on utility poles near the intersections provided two-week integrated measures of various VOCs, ozone, NO x and NO 2 as listed in Table 1 . The PSD data were complemented by measurements obtained from a mobile platform (Riley et al., 2014) between the hours of 14:00-19:00 local time. Intersections were sampled along fixed routes every third day for a total of ~6-10 minutes at a sampling rate of 10 s. Each site was sampled 3-4 times during the summer and winter campaigns, and the order of the sampling was reversed each time the route was repeated We performed mobile monitoring continuously on the move (~20-35 km/hr), with each intersection and its surrounding area sampled in an alternating clover leaf pattern . We therefore use the term 'roadway intersection' to include an area several hundred meters in extent centered on a given intersection. Our mobile monitoring method therefore captures a distribution of air pollution concentrations at each intersection . The species used in this analysis are listed in Table 1 and the corresponding mobile instruments and their reporting ranges are provided in Table S1 .
Mobile platform temporal adjustments
A central challenge to the use of mobile monitoring data for spatial analysis is developing methods to adjust for temporally-varying contributions to the observed values, such as day to day differences in meteorology that affect the entire region. For this analysis we are interested in determining how much each intersection typically differs from the well-mixed regional background levels as measured by the mobile platform during the study duration. Therefore, we processed the majority of mobile data to adjust for between-day temporal trends by subtracting the daily 5 th percentile as discussed in the supplemental information section S4.2.
Mobile ozone measurements and PN Fine (0.25-1 μm) contained within-day variability due to regional concentration changes (Supplemental S4.2.2 -S4.2.3). Thus we adjusted ozone and PN fine measurements by subtracting a 30-minute rolling 5 th percentile (95 th percentile for ozone), resulting in variables that are considered localized. The 30-minute window ensured that an area (~6 km 2 ) larger than a single intersection (~0.36 km 2 ) was used to estimate the background and the 5 th percentile is reliably calculated from ~180 data points. We refer to the adjusted ozone concentrations as "ozone depletion".
We then aggregated the adjusted mobile data at each roadway intersection across days within season, and calculated the median for each pollutant at each intersection. The median is obviously less sensitive than the mean to the presence of discrete high concentration plumes in the distribution of concentrations measured at an intersection. (Riley et al., 2014) The resultant medians are differential concentrations from the estimated daily or 30-minute rolling 5 th percentile background concentrations. Therefore, a near zero or negative value is interpreted as an intersection whose measured concentrations were among the lowest recorded along each route. Figures S1 and S2 show that the distributions of concentrations recorded for the different routes were not systematically different from one another.
Mobile and PSD measurement correlations
Mobile data was then merged with the PSD data to generate the analysis dataset for each season. The resulting data files are available in the supplemental information. We calculated the Pearson's correlation coefficients for the mobile data medians and the corresponding PSD 2-week averages, separately for each season. Because the PSD ozone measurements were uncorrelated with other pollutants we excluded them from the principal component analysis (PCA). We standardized the data by mean-centering and scaling by the variance, and calculated principal components from the correlation matrix using the function 'principal' from the R package "psych" (Revelle, 2015) . We determined the number of components selected by requiring eigenvalues to be greater than one. To aid in interpretability of the components, we then rotated the selected components using Varimax.
RESULTS

Study area description
A map of the roadway intersections is provided in Figure 1 . The map includes annual average weekday traffic counts, and train traffic routes. Environmentally critical areas of the sampling region include a 1 km perimeter along the port, where sites 1to 5 and site 43 are located. The port is serviced by a large number of low-traffic roads with high percentages of diesel truck traffic (truck traffic counts not shown). The roadway intersections are divided among the three different sampling routes; roadway intersection sites along the same route share common color shading.
Mobile data adjustments
Boxplots of the distribution of 10 s measurements taken at the roadway intersections are provided in the supplemental information ( Figure S8-16 ) for both the unadjusted data as well as the adjusted data. The adjusted data were used to calculate the medians for each species at the roadway intersections for the two-week period, and the medians are indicated by the black dashed line in the figures. Black carbon (BC), ozone depletion, ultrafine particle number count (UFPN), and NO x all exhibit cross-season similarities in which specific roadway intersections had elevated concentrations of the respective species; for example, intersections in the downtown region are consistently elevated for pollutant concentrations as compared to the rest of the city. The spatial pattern is evident in the maps of the quintiles of the median concentrations for mobile species NO x , BC, and UFPN after data adjustment ( Figure 2 ). The winter campaign took place during stronger winds than in summer with most days exhibiting a westerly direction (see Figures S17 and S18); this may account for higher concentrations of BC and UFPN on the eastern side of the city relative to summer which had no prevailing wind direction and lower wind speeds.
PSD summary statistics
Boxplots for the PSD data are provided in Figure 3 . The summer campaign had higher concentrations of each VOC species compared to the winter campaign (dodecane was excluded from the summer data due to high limit of detection from laboratory contamination). Both seasons exhibit a similar ranking of VOC concentrations: low molecular weight hydrocarbons had higher concentrations than the long chain alkanes ( > C6). Ozone concentrations were highest in the summer; conversely, oxides of nitrogen were higher in the winter consistent with observations at a nearby AQS monitor (see caption to Figure 3 ). The mobile monitoring platform also measured higher VOC and NO x concentrations in the summer compared to winter (see unadjusted data in the SI)
Mobile platform correlations
Scatterplot matrices for a subset of air pollutants measured by the mobile platform are presented in figure 4 for summer and winter. Histograms of concentrations show a tendency toward lower concentrations. The scatterplots generally follow a linear relationship in the summer, but a similarly clear trend is not evident in the winter. The correlation coefficients for the entire mobile dataset are provided in Tables 2 and 3 for summer and winter, respectively. Correlations are strongest between the particulate matter pollutants, and are stronger overall in the summer.
PSD correlations
Scatterplot matrices for the subset of air pollutants measured by the PSDs are presented in figure 5 for summer and winter. The summer scatterplots follow the linear regression line reasonably well, but this is not observed in the winter except for a few cases (nonane and undecane). Histograms of PSD concentrations appear to be less skewed toward lower concentrations than those for the mobile platform data (Figure 4) . The correlation coefficients for the entire PSD dataset are provided in Tables 4 and 5 for summer and winter respectively. The pollutants measured in summer were all significantly correlated (p = 0.01) except for PSD ozone. Correlations are weaker in the winter, and less than half of them are significant at p = 0.01.
PSD vs. Mobile correlations
Scatterplot matrices between a subset of mobile monitoring medians and PSD data are provided in Figure 6 . The scatterplots generally follow a linear regression for the summer campaign, but again not for the winter campaign. The correlation coefficients between the entire PSD and Mobile datasets are provided in Tables 6 and 7. The correlation matrix for summer reveals some high correlations between mobile platform and PSD data. In particular, CO has a higher correlation with PSD pentanes than it does with any mobile platform measurements which is also observed in the scatterplots. PSD NO x is highly correlated to mobile NO x and also with BC, UFPN and ozone depletion. Ozone depletion moderately correlated with PSD ozone as is mobile NOx. No other correlations are significant for PSD ozone in summer. The summer exhibited significant correlations between all mobile platform and PSD compounds except for PSD decane and ozone. In contrast, the majority of correlations observed in the winter between PSD and mobile data are insignificant (at p= 0.01). For seven of the monitoring days in winter, precipitation was recorded in the form of rain, snow, or fog. Winter wind speed averages exceeded 7 mph on 7 of the monitoring days with higher gusts (see figures S17-18). These meteorological factors may have resulted in increased deposition and dispersion of pollutants.
The effect of the choice of temporal data adjustments on the correlation coefficients is presented in section S5.2 in the supplemental materials. We find that the daily 5 th percentile adjustment gave the highest correlation between PSD and mobile data except for PN fine and ozone for which the rolling 30-minute 5 th and 95 th percentile adjustments (respectively) resulted in the highest correlations.
Principal component analysis
The rotated principal components (RC) are compared between PSD only data and combined PSD and mobile platform data in Figure 6 for the summer season only, where correlations between pollutants were strongest. Winter RCs were similar to the features derived for the summer dataset although they were not directly comparable due to the absence of mobile CO in the winter and dodecane in the summer. We excluded winter data from this analysis because bootstrap resampling of the winter data revealed that the RCs derived were unstable.
The PSD data yield two components that explain 87% of the total variability. One RC consists of high loadings for low molecular weight hydrocarbons, NO 2 , NO x , and the other RC has high loadings of long chain alkanes. Adding the mobile platform data results in three components with 83% of the total variance explained. Adding the mobile data further parses the low molecular weight VOC and NO x PSD data into two components instead of one. The correlations we observed between the mobile data and the PSD data are also evident in the first two components of the combined data analysis. In the combined dataset the first component has high loadings for particle counts, NO x mobile, and ozone depletion and PSD NO x and NO 2 , whereas the second component consists of CO highly correlated with low molecular weight hydrocarbons. The third component appears to be long chain VOCs that had little correlation to low molecular weight VOCs and the mobile data.
DISCUSSION
Whether or not short-term mobile monitoring data are representative of longer-term (2week) measurements greatly impacts the utility of mobile monitoring campaigns in characterizing spatial patterns in air pollution. The first challenge in comparing mobile monitoring and PSD datasets is to define an appropriate measure of central tendency for the mobile monitoring species at each of the intersections, across the days of sampling. Our sampling scheme makes repeat measurements at roadway intersections every third day for a total of 3-4 visits lasting 6-10 minutes each. The distributions of measurements at a given intersection made on these separate days could differ depending upon temporally-varying factors such as traffic characteristics (weekend/weekday), meteorological factors (mixing height and wind speed and direction), and time of sampling (mid-afternoon versus evening/ sundown). In this paper we chose to adjust the distributions to minimize between-day temporal variations in order to allow all other sources of variability to be aggregated over multiple days of sampling. Median values for each pollutant at each intersection were obtained from these aggregated distributions. Mobile platform measurements of absolute ozone concentration and absolute PN fine were excluded from this analysis because withinday variability due to meteorological or other non-local factors (regional transport) dominates the variability for these metrics (Wu et al., 2015 ) (Yli-Tuomi et al., 2005 . For example, the boxplots for unadjusted PN fine and ozone concentrations (Figure S15-S16) compared to unadjusted BC ( Figure S14 ) indicate that ozone concentrations are affected by both within and between day factors as evidenced by large daily concentration changes and vastly differing daily spatial patterns. In contrast consistent spatial patterns are observed in the quintiles of UFPN, BC, and NO x following data adjustment (see Figure 2 ). This choice of data adjustment is discussed in further detail in supplemental S4.2.
The VOCs measured on the PSD in winter were overall much lower in concentration than in the summer; however, the relative concentrations of the pollutants measured were similar in the two seasons indicating some consistency in the measurements. The Photochemical Assessment Monitoring Station (PAMS) data for Baltimore, which is located at the downtown AQS site, measured higher VOC concentrations in winter, and the concentrations were overall lower than what we measured on the PSDs. The PAMS data consists of one 24 hour sample every 6 th day and therefore does not provide a direct comparison. The distribution of concentrations observed in winter is lower, which may account for the weaker correlations between VOCs in this season. PSD NO x and NO 2 exhibit seasonal differences as well. In the summer, NO x and NO 2 have nearly identical distributions of concentrations (see Figure 2 ) and are correlated with r = 0.96, whereas in winter, NO x is almost twice the concentration of NO 2 and the correlation is r = 0.76. This indicates that NO x in summer is almost entirely NO 2 , whereas in winter NO makes up a substantial amount of NO x concentrations.
The only pollutant common to both the PSD and mobile monitoring sampling was NO x , and the scatterplot matrices in Figure 6 illustrate that the mobile monitoring and PSD measures were correlated for this pollutant, especially during the summer campaign. This result indicates that source activity that was sampled briefly by mobile monitoring in four afternoon visits distributed across two weeks is relevant to the source activity sampled over the entire two weeks. The strong correlation between PSD pentanes and mobile CO in the summer campaign is particularly noteworthy because these combined measurements indicate that the sampling strategy is detecting VOCs arising from mobile sources (in US cities ~95% of CO is emitted from vehicles). (U.S. EPA, 2008) The presence of significant correlation between a the PSDs and adjusted mobile platform measurements suggests that the comparatively limited amount of time sampling at each site by the mobile platform averaged across multiple visits is in fact representative of longer-term spatial contrasts between locations within a city (Figure 2 ). This observation is particularly helpful for interpreting particle count distributions as well as BC measurements for which there so far have been few low-cost solutions for obtaining multiple, simultaneous, fixed site, timeintegrated measurements.
The correlation results (especially from summer) are consistent with previous campaigns comparing mobile data to fixed site and near roadway monitors. Typically it is found that the mobile platform concentrations are most correlated with the fixed site measurements collected nearest to the mobile route. (Sullivan and Pryor, 2014; Van den Bossche et al., 2015) Beckerman et al reported correlations between continuous read measurements (ultrafine particle mass and PM 2.5 ) and 1 week PSD (Ogawa and 3M) measurements of NO2, NOx, ozone, benzene, xylenes, and hexanes (among other VOCs) in a colocation experiment measuring the near road gradient of two major highways (Beckerman et al., 2008) . They report similar correlation coefficients to our summer campaign (between 0.6 and 0.8), although they have fewer points of comparison and their monitor placements were measuring the same source. Our correlations between UFPN and VOCs are also similar to those reported from a near-roadway gradient measurement made by real-time instruments in a summer campaign in Raleigh, North Carolina (Hagler et al., 2009) . Correlations between pollutants on mobile platforms have also been found to vary by neighborhood in some studies with correlation coefficients ranging between 0.35-0.8 between particle number counts and NO x (Patton et al., 2014) , which may indicate variation in traffic characteristics.
The principal components analysis on the PSD-only data resulted in two components compared to three for the combined PSD and mobile analysis for the summer. The PSD-only rotated components reveal that the majority of the variance is described by a feature enriched in low molecular weight hydrocarbons and NO x . However, with the addition of the mobile platform measurements, the VOC and NO x data are split among three features. The strong correlations between the PSD NO x measures and the mobile platform NO x , BC, and particulate matter species are revealed in the first component. Whereas the strong correlations between mobile CO and the low molecular weight hydrocarbons appear in the second feature. Finally, the least amount of variance is attributed to the high molecular weight hydrocarbon feature, RC3. Our findings are similar to Oakes and colleagues, who found that NO x was approximately evenly split between multipollutant features they designated as diesel, gasoline, and "total mobile sources". (Oakes et al., 2014) . RC1 for the combined data has loadings consistent with emission factors for diesel exhaust (Hudda et al., 2013; Westerdahl et al., 2005) . RC2 has high loadings of mobile CO and lower molecular weight hydrocarbons as well as mobile and PSD NO x ; this feature is consistent with light duty vehicle traffic (Hudda et al., 2013; Oakes et al., 2014) . Finally, RC3 is enhanced in the longer chain alkanes (n > 6) that are uncorrelated with both PN and BC concentrations, typical of uncontrolled crankcase emissions from diesel engine road-draft tubes (Zielinska et al., 2008) .
This work only used mobile sampling in the afternoon, which is a potential limitation of this study particularly in winter when 1-3 hours of sampling occurs after dark. Also the PSD samplers capture the morning commute in addition to the afternoon commute, which might also be an important factor for correlations between PSD and mobile measurements in winter. In summer, we note, that correlations between PSD and mobile measurements exceed 0.8 which indicates the mobile platform sampling strategy is capturing the spatial variability in this season. In summer, the absence of a prevailing wind direction over the duration of the two-week period was serendipitous as the concentrations at intersections near highways would ordinarily be impacted by downwind transport. The weaker correlations in winter (including PSD only) were unexpected since winter typically exhibits stronger correlations between air pollutants as has been reported by Patton et al. (2014) .. Typically higher correlations in winter have been attributed to increased atmospheric stability. We speculate several days of precipitation and strong winds during the winter campaign may have contributed to the weaker correlations for both PSD and mobile measurements. Therefore, the generalizability of the correlation results for the two week period of the campaign to the remainder of winter is questionable.
CONCLUSIONS
We have presented an analysis of the correlations between long-term integrated PSD data and short-term, time resolved mobile monitoring data. The correlations we observed between the PSD and mobile measurements demonstrated that underlying spatial variability in specific TRAP components could be reliably captured in a relatively short total measurement time at each location, provided those measurements were aggregated over several days, and that the data are appropriately adjusted for between day changes in background concentrations of each component. This is particularly helpful in that several of the pollutants monitored with the mobile platform (e.g. BC, PN 1 ) cannot be measured with inexpensive PSDs. In addition, for pollutants where regional transport dominates the variance in concentrations (ozone and PM 2.5 ), a 30-minute moving 5 th percentile (or 95 th percentile for ozone) sufficiently isolates the local contribution to observed concentrations.
It is not straightforward to adjust for confounding temporal factors in a spatially and temporally varying dataset. For interested readers, we've included a more detailed discussion of how the correlation results change with choice of temporal correction in the supplement section S.5.2. Finally, a PCA of the combined PSD and mobile monitoring data revealed a number of multipollutant mixtures, and these features were more consistent with published source profiles for TRAP, compared to an analysis based on the PSD data alone.
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Figure 2.
Spatial distribution of pollutant quintiles for the mobile platform medians after data adjustment (concentrations represent the difference between the measured concentrations and the daily 5 th percentile). Maps are a watercolor depiction of Baltimore, MD. Maps produced using the OpenStreetMap package in R (Fellows and Stotz, 2013) . Correlation scatterplot matrix for select mobile platform species for (A) summer and (B) winter. Pearson's correlation coefficients are in the upper diagonal, values greater than 0.4 are significant (2-sided p = 0.01). Each data point represents the median derived from the sampling intersections. concentrations represent the difference between the measured concentrations and the daily 5 th percentile. Scatterplot matrix comparing select mobile platform and PSD species units provided in Table 1 . Riley et al. Page 19 Atmos Environ (1994) . Author manuscript; available in PMC 2017 May 01.
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Author Manuscript Summer season principal component analyses with varimax rotation for PSD data and the combined mobile medians and PSD data, respectively. Loadings of rotated components (RC) are depicted. Breakdown of variance explained PSD only: RC1 PSD 53% and RC2 PSD 34%. Combined mobile and PSD: RC1 37%, RC2 25% and RC3 22% (Total 83%). Riley et al. Page 20 Atmos Environ (1994 The 2 sided probability p = 0.01 critical value for Pearson's correlation coefficients is 0.40 for N = 40. The correlations coefficients are calculated using the medians derived for each sampling intersection after temporal adjustment as described in section 2.1.
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